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Abstract: Implementing intelligent identification of faults in hydroelectric units helps in the timely
detection of faults and taking measures to minimize economic losses. Therefore, improving the
accuracy of fault signal recognition has always been a research focus. This study is based on the
improved empirical mode decomposition (EMD) theory to study the denoising and feature extraction
of vibration signals of hydroelectric units and uses the backpropagation neural network (BPNN) to
establish corresponding connections between signal features and vibration fault states. The improved
EMD in this study can improve the performance of noise reduction processing and contribute to
the accurate identification of vibration faults. The vibration fault identification criteria can adopt
three dimensionless feature parameters: peak skewness coefficient, valley skewness coefficient, and
kurtosis coefficient of the second- and third-order components of the signal, with recognition rates
and accuracy reaching 90.6% and 96.2%, respectively. This paper’s area under the curve (AUC)
values were 0.7365, 0.7335, 0.9232, and 0.9141 for abnormal sound detection of the fan, water pump,
slide, and valve, respectively, with an average AUC value of 0.8268. This paper’s accuracy is 90.1%,
and the loss function value is 0.27. The validation results demonstrate that this paper’s method
has high intelligent fault analysis capabilities. The experimental results confirm that this method
can effectively detect vibration signals in hydroelectric units and perform effective noise reduction
processing, thereby improving the diagnostic accuracy of fault signals. Therefore, this method can be
effectively applied to the detection of vibration faults in hydroelectric units.

Keywords: EMD; BPNN; vibration fault; signal; noise reduction

1. Introduction

The progress and development of various industries in China cannot be separated
from the supply of electricity. Hydroelectric power generation is the second largest power
generation method in China, and it has always received high attention from national and
local governments due to its low cost and clean environmental protection characteristics [1].
Hydroelectric units are the core components of hydraulic discovery, and their operating
status directly affects the power supply of hydropower stations [2,3]. Therefore, achiev-
ing intelligent diagnosis and identification of hydroelectric unit faults will help reduce
the losses caused by operational faults. The main method for intelligent fault diagnosis
and identification of hydroelectric units at present is to identify the overall operation of
hydroelectric units using the characteristics of motor frequency signals [4]. According to
relevant statistical research, most faults in hydroelectric units can be reflected through
the vibration signals of the units. Therefore, the vibration signals and their monitoring
in hydroelectric units have important practical significance for the diagnosis of obstacles
in hydroelectric units [5]. However, in the current intelligent diagnosis and recognition
methods, the presence of noise signals greatly affects the accuracy of fault diagnosis. Given
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that signal acquisition is often affected by numerous noise signals, this study introduces
empirical modal component theory to conduct research and analysis on signal denoising
and feature extraction. The research further adopts the backpropagation neural network
(BPNN) to establish corresponding recognition relationships between signal feature pa-
rameters and motor operation faults, to improve the accuracy of intelligent diagnosis and
recognition of fault signals. The article is divided into the following parts: Firstly, the
introduction section introduces the background of the article. Then, there is a literature
review, which analyzes the current status of the research objects and methods in the article.
The following section is a specific explanation of the methods used in the article. The fourth
part is the simulation analysis of the method. The fifth part is the conclusion.

2. Related Works

Mechanical fault diagnosis methods can be achieved through the establishment of
intelligent methods such as neural networks [6–9]. Fault diagnosis of high-speed trains
is an important measure to ensure the safety of passengers and staff. When establishing
fault diagnosis methods for high-speed trains, researchers utilized a hybrid diagnostic
model for environmental analysis and data supplementation. This hybrid diagnostic
method can perform more accurate fault diagnosis and effectively improve fault recognition
ability [10]. In related research, researchers use comprehensive intelligent learning methods
for bearing fault diagnosis. An improved fault diagnosis method was used for signal
recognition and data processing. In the end, it showed high recognition accuracy in
comparison with other similar fault diagnosis methods [11,12]. The genetic algorithm (GA)
has shown good diagnostic performance in fault diagnosis in the optoelectronic industry.
Researchers such as Hichri A used the GA to extract information features from photovoltaic
systems while combining neural networks for data processing and classification. In a
simulation experiment of fault diagnosis, this intelligent diagnostic method can achieve
fault diagnosis of photovoltaic systems in a relatively short time [13]. The BPNN has
good feature extraction ability and can classify the extracted feature information [14]. In
practical applications, the BPNN has demonstrated good ability in feature extraction and
classification, and it has been widely used in the establishment of data prediction and
evaluation models in various scenarios [15,16]. In the intelligent diagnosis of equipment
faults in the aviation field, the BPNN’s advantage in feature extraction has been utilized to
process relevant data. Multiple intelligent analysis methods were combined to optimize
the BPNN. The final simulation experimental results show that using fusion methods for
intelligent diagnosis of devices has high effectiveness [17].

Most of the features extracted from fault signals are time–frequency features, and the
vibration signals of hydroelectric units are essentially nonlinear and nonstationary [18].
Wavelet analysis has had certain advantages in processing such signals, but it has two
shortcomings in application. Firstly, wavelet transform is a Fourier transform, and energy
leakage is inevitable. Secondly, it cannot adaptively select suitable basis functions for
different problems when using the clock [19]. EMD is an effective method for analyzing
nonstationary signals. It is an adaptive signal processing method that does not require
empirical selection of wavelet basis functions like wavelet transform [20]. It can decompose
a series of intrinsic mode functions from complex signals and then perform Hilbert trans-
form on each of them to further calculate the instantaneous frequency of the signal. The
EMD method overcomes the shortcomings of wavelet transform and can perform adaptive
multiresolution decomposition of a given signal based on its own characteristics. As one of
the time–frequency domain processing methods, empirical mode decomposition (EMD)
can overcome the non-self-adaptability of the basis function. EMD can decompose and
process signals of different complexity levels in order to obtain relatively simple modal
functions [21]. Researchers have introduced EMD into the seismic inversion process for
signal tracking and matching. This method can obtain effective signal characteristics from
noise signals and finally obtain seismic inversion results with high resolution, which have
high signal fidelity [22]. Based on the EMD model, researchers have introduced new data
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processing methods to improve the original model. Intelligent algorithms were combined
to classify data, thereby improving the performance of the EMD model. Compared to the
original signal processing model, the improved model exhibits more stable signal features,
which is helpful for disease screening work [23]. Z Li et al. utilized an improved EMD
method to decompose equipment vibration signals, thereby obtaining the components
of the intrinsic mode function (IMF). They used the improved EMD method to extract
signal features for fault diagnosis of mechanical pumps. The final validation experimental
results show that this method has faster fault recognition ability, and the accuracy of fault
recognition is also higher [24]. In the related research, the combination of a neural network
and EMD method can improve the ability to extract equipment fault signal features. The
combination of the two can collect the corresponding reconstruction vibration signal to
achieve the acquisition of the signal characteristics of the fault location. In the fault diagno-
sis of equipment such as bearings, researchers use a combination of neural networks and
EMD to process fault signals. This method can stably diagnose equipment faults and has
high accuracy in fault splitting [25].

From the above research, it can be seen that the condition monitoring and fault diag-
nosis of hydroelectric units have considerable economic and social benefits [26]. Real-time
performance monitoring has lower costs [27]. Research has shown that deep learning meth-
ods can be used to establish monitoring models [28]. Among them, intelligent algorithms
and EMD have shown high application effects in feature extraction and classification. Due
to the good feature extraction ability of BPNN in intelligent algorithms, it will be combined
with EMD for noise reduction and feature extraction in this study. It is hoped that the
accuracy of intelligent diagnosis and recognition of fault signals will be improved through
the improvement of methods.

3. Application of EMD in Signal Noise Reduction and Feature Extraction
3.1. Signal Denoising Based on EMD

Hydropower units mainly include four types of faults: lifting accidents, excessive
bearing temperature, insufficient power, and vibration faults. In case of a lifting accident,
the pressure in the draft tube is insufficient, and a vacuum is formed in some areas, resulting
in the water hammer phenomenon. This allows the unit to obtain a reverse axial force.
When the force exceeds the gravity borne by the device, the rotating part of the device will
move vertically upwards for a certain distance. When such accidents occur, the blades are
prone to fracture under stress, damaging the unit cover, and even damaging important
components such as the generator brush, causing serious and malignant accidents. In
addition, cracks, cavitation, and erosion damage are important faults that require diagnosis.
This study focuses on the vibration faults of hydropower units. Due to the fact that
most vibration fault diagnosis signals of hydroelectric units do not have the characteristic
conditions of IMFs, the instantaneous values of various signals cannot be obtained. By
using EMD to solve for each order component, the signal can be decomposed into multiple
IMFs, thereby achieving real-time noise reduction processing and feature extraction of the
signal. Figure 1 shows the specific process of EMD processing.

All the maximum and minimum points in the original signal x(t) are calculated, and
the maximum envelope e+(t) and minimum envelope e−(t) are fitted. All the original
signals are between two envelopes. According to Formula (1), the mean envelope D can be
further solved.

e(t) =
e+(t) + e−(t)

2
(1)

m1(t) = x(t)− e(t) (2)

According to Equation (2), the new signal m1(t) is obtained by subtracting e(t) from
the original signal x(t). It is determined whether m(t) meets the basic requirements of the
IMF. If it does, m1(t) is the first-order IMF, represented by c1(t). If it does not meet the
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requirements, it is necessary to consider m1(t) as the original signal and continue solving
until the k solution meets the basic requirements of the IMF.

r1(t) = x(t)− c1(t)
r2(t) = x(t)− c2(t)

...
rn(t) = x(t)− cn(t)
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In Equation (3), it is necessary to further subtract c1(t) from the original signal x(t)
to obtain a new signal r1(t). By repeating the above operation, the eigenmode functions
of the second, third, and n orders can be obtained sequentially. The above process is the
decomposition process of the empirical mode, which can ultimately decompose the original
signal x(t) into several IMF components and one participating function. The components
of each IMF are used to represent the various frequency components in the original signal,
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while the residual function represents the overall average trend of the original signal.
According to Equation (4), each function is summed.

x(t) =
n

∑
i=1

ci(t) + rn(t) (4)

Noise reduction processing is the first step in diagnosing vibration fault signals, and
using EMD can achieve noise reduction processing of different signals. In Figure 2, the
energy of useful signals is generally smaller than that of noisy signals. When the signal-to-
noise ratio is small, the overall energy of useful signals is relatively small, and it is easy for
useful signals to be discarded during EMD. The high-frequency part of the useful signal
is also easily discarded in decomposition, which may cause diagnostic bias of the fault
signal and reduce the accuracy of diagnosis. For the vibration signal of hydroelectric units,
noise usually appears in the high-frequency component and contains low energy. The high
frequency is within 3~30 MHz. The effective signal is concentrated in the low-frequency
part and contains high energy. The low frequency is within 30~300 KHz. Therefore, using
empirical mode decomposition can conveniently remove high-frequency noise components
from the collected vibration signals.
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Figure 2. Schematic diagram of the comparison between useful signals and noise signals.

To solve the above problems, this study uses autocorrelation functions to reflect the
similarity of the same signal at different times, to ensure that useful signals can be fully
preserved in the case of a low signal-to-noise ratio. For the original signal x(t) of infinite
length, its autocorrelation function is defined by Equation (5).

Rx(t) =
∫ +∞

−∞
x(t)x(t− τ)dt (5)

In Equation (5), τ is the delay time. The autocorrelation function value at zero point is
the energy value of the original signal, represented by Rx(0). The autocorrelation function
is normalized according to Equation (6).

ρx(t) =
Rx(t)
Rx(0)

(6)

Since most of the vibration signals collected by hydropower units are discrete signals,
Equations (5) and (6) need to be discretized before modal decomposition, and finally
Equations (7) and (8) can be obtained.

R(n) =
+∞

∑
k=−∞

x(k)x(k− n)dt (7)



Processes 2023, 11, 2040 6 of 16

ρ(n) =
R(n)
R(0)

(8)

Based on the above content, it can be seen that a method is needed to determine the k
value of the EMD function even when the signal-to-noise ratio is not high. Therefore, the
concept of autocorrelation function was introduced in the experiment. The autocorrelation
function reflects the similarity of a signal at two different times. Due to the weak correlation
of noise signals at different times, their autocorrelation function decays rapidly, except for
being larger at t = 0. For useful signals, there is a certain degree of correlation between
different moments, and the autocorrelation function used does not have the characteristic
of rapid decay. This characteristic can distinguish between noisy signals and useful signals.
For the autocorrelation function of a finite-length original signal, the upper and lower
limits of the accumulation in Equation (7) are the intersection of x(t) and x(t− n). The
IMF of the high frequency is determined by the noise signal. Sometimes the intrinsic mode
function of the high frequency is dominated by noise signals. However, there are some
useful signals mixed among them, and sometimes the noise and useful components of a
certain component both contain a significant proportion. At this point, this component
cannot be directly discarded; otherwise, some useful information will be lost. Therefore,
in the experiment, another common denoising method in the field of signal processing,
namely wavelet threshold denoising, was borrowed to inspire the processing method
of empirical modal threshold denoising. To preserve the useful mixed signals in these
signals, a threshold denoising method is studied and introduced. The process involves
obtaining a series of wavelet coefficients through wavelet processing. Subsequently, a
threshold function is used to analyze and process the wavelet coefficients to achieve
the purpose of noise reduction processing. The threshold function mainly includes a
hard threshold function and a soft threshold function, and their formulas are shown in
Equations (9) and (10), respectively.

ŵx =

{
wx, |wx| ≥ λ
0, |wx| < λ

(9)

ŵx =

{
sgn(wx)(|wx| − λ), |wx| ≥ λ
0, |wx| < λ

(10)

In Equations (9) and (10), ŵx and wx are the wavelet coefficients before and after
denoising, sgn(∗) is the sign function, and λ means the threshold.

3.2. Vibration Signal Feature Extraction Based on EMD Theory

Signal feature extraction is the main step in fault diagnosis, and the use of EMD theory
can also achieve the extraction of signal feature information. According to the empirical
mode noise reduction theory in Section 3.1, the endpoints of the maximum and minimum
envelopes are not necessarily the extreme points of the real signal. Therefore, the divergence
problem, namely the endpoint effect, is prone to occur near the extreme endpoints. The
methods for suppressing endpoint effects include polynomial fitting and mirror extension.
Using the mirror extension method, one first needs to find the two closest extreme points
to the left and right ends and then flip the curve between these two extreme points to fit
the nearest extreme point outside the endpoint. The signal after splitting and extending
was decomposed using empirical mode decomposition, and the obtained components of
each order were intercepted from the parts between the original left and right endpoints.
After processing, it can be ensured that the function value at the endpoint is indeed an
extreme value. However, there are also some defects. For the original signal, there is a
need to discard some data and replace it with data after mirror symmetry. In addition, the
length of the signal may change, and after empirical mode decomposition, it is necessary to
intercept some data of the components. The signal decomposition results obtained after
using this processing method are shown in Figure 3. It can be seen that except for residual
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components with smaller amplitudes, the decomposition results are already very close to
the ideal situation, which verifies the effectiveness of the method. This method requires
less computation and has a more ideal effect. Therefore, this chapter chooses this method
to reduce the impact of endpoint effects.
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When two signals with significant time differences undergo modal decomposition,
they may be divided into the same component, or signals with small time differences may
be divided into different components. These phenomena are called modal aliasing. The
main reason for mode aliasing is the problem of signal discontinuity. Aggregated EMD
adds white noise to the original signal to obtain a new signal x∗(t). The use of new signals
for subsequent modal decomposition can compensate for missing parts in the time scale,
thereby effectively reducing the phenomenon of modal aliasing. Figure 4 shows the results
of aggregated EMD.

To reduce the negative impact of computer calculation on fault diagnosis and recog-
nition, the characteristic parameters of the signal waveform are calculated for each order
component. This can achieve feature extraction of signals to ensure the accuracy of fault
signal recognition and diagnosis. After improving empirical mode decomposition, the
vibration signal is divided into many order components. However, if these components are
directly sent to the computer for fault diagnosis, excessive computation will also be inter-
fered with by useless information, resulting in low diagnostic accuracy. Therefore, before
fault diagnosis, it is necessary to calculate some characteristic parameters of the waveform.
Compared with dimensional feature parameters, nondimensional feature parameters can
avoid the impact of different dimensions on the overall goal. Therefore, this article selects
nondimensional feature parameters as the basis for evaluation. This study uses 10 nondi-
mensional feature parameters, namely coefficient of variation ( f1), skewness coefficient
( f2), peak skewness coefficient ( f3), valley skewness coefficient ( f4), kurtosis coefficient
( f5), peak kurtosis coefficient ( f6), valley kurtosis coefficient ( f7), peak-to-average ratio ( f8),
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margin coefficient ( f9), and energy ratio ( f10). To evaluate the fault sensitivity characteristic
parameters, the detection index is introduced, and Equation (11) is its calculation formula.

f =
|µ1 − µ2|√

σ2
1 + σ2

2

(11)Processes 2023, 11, x FOR PEER REVIEW  8  of  17 
 

 

(a) IMF1
1000

-2.0

-0.5

0.0

0.5

2.0

-1.0

1.0

1.5

-1.5

200 4000 600 800 1000
-2.0

-0.5

0.0

0.5

2.0

-1.0

1.0

1.5

-1.5

200 4000 600 800

1000
-2.0

-0.5

0.0

0.5

2.0

-1.0

1.0

1.5

-1.5

200 4000 600 800 1000
-2.0

-0.5

0.0

0.5

2.0

-1.0

1.0

1.5

-1.5

200 4000 600 800

(b)  IMF2

(c) IMF3 (d) Original signal
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Figure 4. Schematic diagram of aggregated EMD.

In Equation (11), it is assumed that s1 and s2 are the two characteristic parameters
of the same state. µ1 and µ2 are the mean values of s1 and s2, respectively. σ1 and σ2
represent the variances of s1 and s2, respectively. When the detection index value is larger,
the sensitivity of the feature parameters to different states is higher. To further demonstrate
the recognition rate of fault signal feature extraction, the study uses the comprehensive
detection index S to represent the sum of all detection indices of the same characteristic
parameter s, and Equation (12) is its calculation expression.

S = ∑ f (12)

3.3. Application of BPNN in Vibration Fault Signals

The BPNN is a universal multilayer feedforward neural network. BP mainly obtains
new knowledge by imitating feature extraction and training in the cognitive process, and
it adjusts the network weights and thresholds through backpropagation [29]. Due to its
excellent performance in the collection, reception, and processing of information, it has the
advantages of simple operation and high prediction accuracy. Therefore, the study adopts
BPNN to establish a corresponding nonlinear relationship between the vibration fault
signal characteristics and the operating status of hydroelectric units, which can achieve
intelligent diagnosis and recognition of hydroelectric unit faults. As shown in Figure 5,
the traditional BPNN algorithm structure consists of three hierarchical structures. The
operation process mainly includes two processes: forward information transmission and
backward error transmission.
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Forward transmission is the process in which the input value interacts with the weight
threshold through the hidden layer and is finally output by the output layer. The neuron
number is represented by n in the input layer and m in the output layer. Their serial
numbers are represented by i and j. The specific operation process is shown as follows:

yi = f (
n

∑
i=1

wijxi − θj) (13)

zk = f (
l

∑
j=1

wjkyj − θk) (14)

In Equations (13) and (14), x is the vector of the input layer, y is the vector of the
hidden layer, and z represents the vectors of the output layer. θ is the neuron threshold of
the hidden layer, and w represents the weight of the hidden layer. Reverse transmission
compares the output results with the preset conditions. The output values that do not meet
the requirements are returned to the neural network for the next transmission until the
preset conditions are met. The expected output vector is represented by z∗, and the error
between the output result and the expected value is represented by E. Equation (15) is the
calculation of the error.

E =
1
2

m

∑
k=1

(z∗k − zk)
2 (15)

Error backpropagation is the process of adjusting the weight threshold of the hidden
layer based on the error. The specific operation process is shown in Equations (16)–(19),
where η is the step size of weight threshold adjustment. In the experiment, the weights and
thresholds are adjusted based on the negative error gradient. After the reverse transmission
is completed, the information can be transmitted forward again until the preset termination
conditions are met.

∆wjk = −η
∂E

∂wjk
= η(z∗k − zk)yi f ′(

l

∑
j=1

wjkyj − θk) (16)

∆θk = −η
∂E
∂θk

= η(zk − z∗k ) f ′(
l

∑
j=1

wjkyj − θk) (17)

∆wjk = −η
∂E

∂wjk
= ηxi f ′(

n

∑
i=1

wijxi − θj)
l

∑
j=1

wjk f ′(
l

∑
j=1

wjkyj − θk)(z∗k − zk) (18)
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∆θj = −η
∂E
∂θj

= η f ′(
n

∑
i=1

wijxi − θj)
m

∑
k=1

wjk f ′(
l

∑
j=1

wjkyj − θk)(zk − z∗k ) (19)

The dimensionless feature parameters used for fault evaluation are scaled proportion-
ally to serve as input vectors for the neural network, which can determine the number
of neurons in the output layer. The output layer represents the specific operating state,
with a neuron number of 1. For the activation function of the hidden layer, the double
S-type activation function with high convergence accuracy and efficiency is selected. The
hidden layer is different from the visible layer, and its number of neurons needs to be
specified by the user according to the situation. Too few or too many neurons may cause
nonconvergence or lower recognition ability. However, nowadays, the selection of the
number of neurons in the hidden layer lacks a theoretical basis, and empirical formulas
are usually used. The value of α is finally determined through multiple experiments. The
hidden layer neuron number is calculated using the empirical Formula (20), and α values
are in [1,14].

m =
√

n + 1 + α (20)

It has been found that the average accuracy of fault diagnosis using conjugate gradient
algorithms is relatively high. Therefore, the conjugate gradient algorithm was chosen as
the training algorithm for the neural network in the study. In the experiment, the number
of input layer nodes for BPNN was set to 6, the number of output layer nodes was set to 4,
and the number of hidden layer nodes was set to 11. The number of training samples was
50, each sample contained 1024 sampling points, and the training time was 0.0762 s. The
learning rate was 0.001.

A flowchart of the whole model is presented in Figure 6. The first step was to prepro-
cess the vibration signal. The experimental mode decomposition was introduced for noise
reduction in the experiment. Then there is the feature extraction of vibration signals. Differ-
ent dimensionless parameters were compared and extracted. Finally, the fault diagnosis of
hydroelectric units was based on BP neural network. It was necessary to train the features
of the extracted vibration signal. Then, validation training was conducted to determine the
accuracy of fault diagnosis.
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4. Simulation of Vibration Signal Fault Diagnosis Experiment for Three
Hydroelectric Units
4.1. Vibration Signal Denoising Processing

The model of the water turbine generator was a 50 MW ZZ-LH-5953 axial flow
propeller-type water turbine generator. The testing system was a noncontact vibration
testing system containing a laser Doppler vibrometer (LDV). The diameter of the fault
point was 0.178 mm. The study first conducted experimental simulation analysis on the
application of improved EMD in the denoising process of vibration signals of hydroelectric
units. The evaluation criteria for the effectiveness of noise reduction processing were
signal-to-noise ratio (SNR) and root mean square (RMSE). The evaluation standard used in
the experiment was ISO 20816. The block signal was a standard test signal generated by
MATLAB. The experiment mainly used the blocks as a signal without noise, with 1024 sig-
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nal sampling points. A white noise signal was randomly added on the basis of pure signal,
and the signal-to-noise ratio of the noise signal was [−12,−9,−6, · · · 6, 9, 12]dB. EMD
was performed on each noisy signal to obtain nine-order components. According to the
autocorrelation function results, the first three orders were the dominant IMFs and could
be omitted. The remaining sixth-order components were superimposed and reconstructed
again to obtain a denoised signal. Figure 7 shows the comparison results of different
denoising methods.
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In the case of a low signal-to-noise ratio, the original EMD cannot achieve noise
reduction processing. In the case of a high signal-to-noise ratio, all three methods can
be used for noise reduction. However, compared to the original EMD, the improved
method has higher noise reduction performance. The original EMD and the improved
method were used to denoise the vibration signals of the hydroelectric unit under normal
operation, misalignment, imbalance, and friction conditions. Misalignment is one of the
most common faults in hydraulic machinery [30]. The rotor system of hydropower units
with misalignment faults operates relatively unstably, and obvious first harmonic vibration
can be observed on the upper and lower frames of the hydropower units. The oscillation
amplitude of the hydroelectric unit monitored near the generator guide bearing and the
hydraulic turbine guide bearing will also significantly increase, leading to a decrease in the
efficiency of the hydroelectric unit. There are many reasons for misalignment faults in the
rotor system of hydroelectric units. The most common is that insufficient manufacturing
accuracy leads to rotor bending, or low installation accuracy leads to rotor misalignment,
bending, etc. The imbalance state of hydroelectric units is a random combination of static
imbalance and torque imbalance, and the mass centerline of the shaft is neither parallel to
nor intersecting with the rotation centerline. This can cause the vibration of water turbine
generator sets and reduce the service life of instruments. The friction state refers to friction
between the rotating and fixed components of a hydroelectric unit. The noise signals vary
in different situations, and detailed distinctions were made in the experiment for these four
situations. Figure 8 shows the signals obtained under the first four operating states of noise
reduction processing.

An improved method was used to denoise the vibration signals of hydroelectric units
in normal operation, misalignment, imbalance, and friction conditions. The frequency was
set at 1024 Hz, and the shaft speed was set at 1200 rpm. Fifty sets of signals were collected
for each operating state, each containing 2048 sampling points. Figure 9 shows the signals
obtained under four operating states after noise reduction processing.
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Figure  9.  Vibration  signals  of  hydroelectric  units  under  different  operating  states  after  noise 

reduction treatment. 
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tion treatment.

By analyzing Figures 8 and 9, compared with the original signal, it can be seen that
the denoised signal has significantly reduced burrs and the trend of change is easier to
analyze and judge. In the experiment, the signal capability of noise in each state before
and after noise reduction was calculated separately. The comparison results showed that
after denoising, the signal energy in normal operation, misalignment, balance, and friction
conditions decreased by 3%, 7%, 12%, and 15%, respectively. This indicates that the
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improved EMD in this study can effectively achieve signal denoising, laying a foundation
for subsequent fault diagnosis.

4.2. Fault Signal Feature Extraction and Diagnosis

The denoised signal was further subjected to EMD, and 10 characteristic parameters
of each order component were calculated. Each group of signals was decomposed into five
orders, resulting in a total of 50 characteristic parameter values. According to the calculation
formula in Section 3.2, the comprehensive detection index of the feature parameters in
Figure 10 can be calculated.
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Figure 10. Comprehensive detection index of feature parameters.

The peak skewness coefficient ( f3), valley skewness coefficient ( f4), and kurtosis
coefficient ( f5) have the highest mean detection index values. The detection index values
of the second- and third-order components of the three parameters have a larger mean.
For this study, it was determined to use the f3, f4, and f5 parameters of the second- and
third-order components as the evaluation criteria for subsequent fault signal diagnosis.
This study contains a total of six feature parameters, which determines the number of
neurons in the BPNN input layer to be six. Here, 0, 1, 2, and 3 are used to represent the
normal state, misalignment state, imbalance state, and collision state of the hydroelectric
unit operation. The identification and diagnosis results of different states are shown in
Figure 11 (partially displayed).
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The average recognition rate for each different state was calculated to be 90.6%. In
the experiment, the accuracy of diagnosis is judged based on whether there is a difference
between the actual state and the detected vibration signal. The “average accuracy of fault
diagnosis” is the average value after multiple measurements. The average accuracy of
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recognition diagnosis is 96.2%. It indicates that using BPNN combined with EMD can
achieve intelligent identification of vibration fault signals in hydroelectric units.

4.3. Comparison of Signal Fault Diagnosis Methods

For the comparison of signal fault diagnosis methods for hydropower units, the MIMII
public dataset [31] was used. In the comparative experiment, the sounds of fans, valves,
water pumps, and sliding rails during operation were collected. Precision, recall, and their
ratio F1 value, as well as the area under the subject’s working curve, were selected as
performance testing indicators for the abnormal sound detection method in the study. In
Table 1, these indicators are used to compare the performance of the methods in this study
with those in the literature.

Table 1. Comparison results of indicators for different methods.

Method
Fan Water Pump

Precision Recall F1 AUC Precision Recall F1 AUC

Adaptive filtering algorithm [32] 0.9049 0.5672 0.6753 0.6712 0.7447 0.6773 0.6886 0.7437
BP neural network [33] 0.8926 0.1724 0.2672 0.6315 0.7722 0.2060 0.3142 0.6865

EMD + SVM [34] 0.8528 0.2152 0.3264 0.6019 0.7529 0.3662 0.4733 0.6875
This paper 0.9405 0.4172 0.5356 0.7365 0.7375 0.5162 0.5753 0.7335

Method
Slide Rail Valve

Precision Recall F1 AUC Precision Recall F1 AUC

Adaptive filtering algorithm [32] 0.8487 0.7743 0.8069 0.8651 0.6671 0.2836 0.3968 0.6763
BP neural network [33] 0.6202 0.0490 0.0888 0.6376 0.3132 0.0388 0.0684 0.4825

EMD + SVM [34] 0.7365 0.1979 0.3101 0.5845 0.6151 0.1786 0.2764 0.5152
This paper 0.8947 0.9007 0.8957 0.9232 0.8763 0.6712 0.7355 0.9141

From the results in Table 1, it can be seen that this paper’s method has a high AUC
value, with AUC values of 0.7365, 0.7335, 0.9232, and 0.9141 for fan, water pump, slide rail,
and valve sound detection, respectively, with an average AUC value of 0.8268. This paper’s
method increased the AUC value by 11.8722% compared to the method in [32], 35.6518%
compared to the method in [33], and 38.4322% compared to the method in [34].

The accuracy and loss function of different methods are compared in Figure 12. In the
accuracy comparison chart, the accuracy of the proposed model in this experiment is 90.1%.
The accuracy in [28] is 87.2%. The accuracy in [29] is 81.7%. The accuracy in [30] is 80.0%. In
the comparison diagram of the loss function, the loss function value of this paper’s method
is 0.19. The loss function value in [28] is 0.27. The loss function value in [29] is 0.30. The
loss function value in [30] is 0.42. From the comparison of the accuracy and loss function, it
can be seen that this paper’s intelligent fault analysis model has a faster convergence speed
and higher accuracy.
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5. Conclusions

Extracting information based on the vibration signal characteristics of hydroelectric
units can identify the operating status of hydroelectric units, thereby achieving intelligent
diagnosis and recognition of hydroelectric unit faults. In response to the problem of low
recognition accuracy in fault diagnosis of hydropower units at present, this study adopts
an improved empirical modal component theory and the BPNN to study and analyze
the denoising, feature extraction, and fault signal recognition process of hydropower unit
signals. The simulation results show that the improved empirical modal components
obtained in this study have the advantages of wide noise reduction surface and good noise
reduction performance and can handle noise signals with different levels of interference.
At the same time, the fault signal of hydroelectric units can be distinguished by three
dimensionless feature parameters: peak skewness coefficient, valley skewness coefficient,
and kurtosis coefficient of the second-order and third-order components of the signal. The
BPNN simulation results show that the recognition rate for faults in hydroelectric units
can reach 90.6%, and the recognition accuracy can reach 96.2%. The method proposed in
this experiment has a high AUC value, with AUC values of 0.7365, 0.7335, 0.9232, and
0.9141 for fan, water pump, slide rail, and valve sound detection, respectively, with an
average AUC value of 0.8268. This paper’s method increased the AUC value by 11.8722%
compared to the method in [18], 35.6518% compared to the method in [19], and 38.4322%
compared to the method in [20]. At the same time, the accuracy rate of the model proposed
in this experiment is 90.1%, and the loss function value is 0.27, both higher than those of
the methods in the literature. Although this study has achieved intelligent recognition
of vibration fault signals in hydroelectric units and improved the recognition rate and
accuracy of fault signals, simplifying the fault signal recognition process and expanding the
scope of fault monitoring are the main directions that require continuous efforts in research.
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